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B I O M I M E  T I C S

Fly motion vision maximizes signal energy transfer 
between mechanical input and sensor output
J. Sean Humbert1*†, Holger G. Krapp2*†, James D. Baeder3, Camli Badrya4, Inés L. Dawson5,
Jiaqi V. Huang2, Andrew Hyslop3,6, Yong Su Jung7, Alix Leroy5, Cosima Lutkus1, Beth Mortimer5, 
Indira Nagesh8, Clément Ruah2, Simon M. Walker9, Yingjie Yang2,
Rafal W. Żbikowski10,11, Graham K. Taylor5*†

Insects achieve agile flight using a sensor- rich control architecture whose embodiment eliminates the need for 
complex computation. For example, their visual systems are tuned to detect the optic flow associated with spe-
cific self- motions, but what functional principle does this tuning embed, and how does it facilitate motor control? 
Here, we tested the hypothesis that evolution cotunes physics and physiology by aligning an insect’s sensors to its 
dynamically important modes of self- motion. Specifically, we show that the spatial tuning of the blowfly motion 
vision system maximizes the open- loop Hankel singular values, which quantify the flow of signal energy from gust 
disturbances and control inputs to sensor outputs, jointly optimizing observability and controllability. This evolu-
tionary principle differs from the conventional engineering- design paradigm of optimizing state estimation, with 
implications for robotic systems combining high performance with minimal actuator usage.

INTRODUCTION
Similar to fifth-generation fighter aircraft and small multirotors, 
flies and other insects are inherently unstable in flight. This makes 
them highly maneuverable but demands exquisite control. Techno-
logical and biological systems alike achieve this by combining infor-
mation about motor input and sensor output (1) with an internal 
model of their dynamics (2), enabling them to observe and control 
their motion state in the face of disturbances. Whereas modern fly-
by-wire control systems operate a computationally intensive control 
architecture with recursive state estimation and a small number of 
sensors and actuators, insects have evolved a computationally effi-
cient control architecture with parallel processing and many sen-
sors and actuators (3). For instance, the blowfly Calliphora fuses 
the output of ~105 sensory cells to provide information about its self-
motion and uses at least 26 steering muscles to control its wingbeat, 
yet it weighs a mere 10−4 kg and consumes only 10−2 W of meta-
bolic power in flight. The sensor-rich control architecture of insects 
may therefore point to a novel flight control paradigm in which spe-
cialized sensing avoids the need for generalized computation (4), 
but the underlying functional principle has yet to be identified (5).

One possibility is that an insect’s sensors are tuned to produce 
signals that directly correspond to excitation of the natural modes of 
motion characterizing its flight dynamics (3). This principle, called 
the “mode-sensing hypothesis” (3, 5), might serve to reduce compu-
tational complexity using embodied sensing. Under this hypothesis, 

an insect’s sensors need only detect the characteristic patterns of self-
motion that are excited by gust disturbances and control inputs (6) 
rather than provide a calibrated measurement of some general phys-
ical quantity such as angular velocity or airspeed (3). The mode-sensing 
hypothesis accords with the broader observation that biological sen-
sors are exquisitely sensitive to change but poor at measuring ab-
solutes (3), even varying their gain according to the behavioral 
state of the animal (7). It might also explain why the descending 
neurons that relay sensory information downstream to the flight 
motor fuse information from multiple sensory modalities because 
an insect’s flight dynamics are characterized by coupled rotational 
and translational motions that stimulate multiple sensory systems 
simultaneously (3).

Here, we tested whether the mode-sensing hypothesis explains 
the tuning of the fly motion vision system, which is currently the 
best-understood example of a deep neural network in nature (8–10). 
Visually oriented animals, including flies, detect the wide-field optic 
flow stimuli experienced during self-motion by correlating local 
changes in luminance across neighboring photoreceptors before 
pooling this information globally. In flies, this operation is imple-
mented by an array of elementary movement detectors whose re-
sponses are pooled by the lobula plate tangential cells (LPTCs) that 
form the output layer of the motion vision pathway. The LPTCs’ re-
sponse characteristics are best known for Calliphora (11), function-
ing as matched filters (12–14) tuned to detect specific patterns of 
optic flow associated with particular combinations of rotational and 
translational self-motion (15, 16). Any global tuning principle relat-
ing to the fly’s self-motion must therefore be embedded in the syn-
aptic distribution and weighting of the dendritic inputs to its LPTCs, 
which are the level of the network at which information is pooled 
from across the optical array.

Each LPTC is tuned to detect some specific combination of rota-
tion and translation defining a preferred direction of self-motion, 
which the mode-sensing hypothesis predicts should correspond to 
one or more dynamically relevant directions in the insect’s state 
space (3). In principle, this hypothesis can be tested by analyzing a 
suitable model of the insect’s flight dynamics (5), but no such model 
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has yet been elaborated for Calliphora. Moreover, although rigid-
body flight dynamics models (17) have been successfully developed 
for several other insect species (18), they do not usually attempt to 
model the output of the insect’s sensory system and do not accu-
rately capture the detailed changes in wing kinematics involved in its 
flight control. Likewise, although recent neuromechanical models of 
insects are expressly designed to model the sensorimotor control of 
their behavior in a lifelike fashion (19, 20), few have yet attempted 
to model flight in a biomechanically accurate manner (21). Even 
then, as simulation models, these neuromechanical models are not 
designed to enable the abstraction of control-theoretic principles, as 
is our aim here.

Our approach is to capture the dynamic mapping from me-
chanical input to sensor output analytically, which we achieved 
by creating a state-space model of blowfly flight dynamics and control. 
Subsequently, the most dynamically relevant directions in the 
insect’s state space were identified, which we accomplished by 
analyzing the state-space model using control-theoretic tools called 
Gramians. Last, we tested whether the preferred self-motions of the 
LPTCs correspond to these dynamically relevant directions more 
closely than expected by chance. On the basis of the strong corre-
spondences that we identify, we conclude that blowfly motion vision 
is tuned to maximize the transfer of signal energy from control 
inputs and gust disturbances to sensor outputs via the system state 
(Fig. 1). This end-to-end tuning principle optimizes the observability 

of the system state jointly with its controllability and disturbance 
sensitivity, which differs from the conventional engineering-design 
paradigm of placing sensors so as to optimize state estimation by 
maximizing observability alone (22, 23). The evolutionary principle 
that we identify of tuning sensors to optimize observability jointly 
with controllability and disturbance sensitivity has important appli-
cations to the design of vehicles and robotic systems combining high 
performance with reduced computational overheads and minimal 
actuator usage (24).

RESULTS
Modeling approach
The simplest possible state-space model (Fig. 1) describing the 
dynamic mapping from mechanical input to sensor output linear-
izes an insect’s six degrees of freedom of rigid-body motion about 
some equilibrium flight condition (17) to yield the linear time-
invariant equations

Here, all the forces and moments are assumed to be represented 
by their wingbeat averages, which is reasonable if the characteristic 

state equation: ẋ(t) = Ax(t) + Bu(t) +Gd(t) (1)

output equation: y(t) = Cx(t) (2)
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Fig. 1. Signal energy transfer in insect flight. (A) Blue arrows: Control inputs u(t) and gust disturbances d(t) produce changes in the insect’s motion state x(t) described 
by the differential equations characterizing its flight dynamics. This self-motion generates sensory stimuli including an optic flow field through interaction with the local 
nearness μ(γ, β) of the environment. The output layer of the blowfly motion vision system comprises a set of LPTCs, each of which is matched to detect an optic flow field 
associated with a specific self-motion, yielding a sensor output y(t) related to the animal’s motion state x(t). (B) Red arrows: Signal energy from control inputs and gust 
disturbances is stored in the system state, so the system’s controllability and disturbance sensitivity are increased by maximizing signal energy storage. Stored signal en-
ergy is released through the evolution of the system state and retrieved at the sensor outputs, so the system’s observability is increased by maximizing signal energy re-
trieval. A system that balances signal energy storage/retrieval jointly maximizes observability and controllability or disturbance sensitivity and thereby maximizes the flow 
of signal energy from control inputs or gust disturbances to sensor outputs via the system state.
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timescales of any unstable or oscillatory modes of motion are at least 
an order of magnitude longer than the wingbeat (17). This assump-
tion is true of other flies (18), and we validate it directly here for 
Calliphora having first parameterized the model.

The state equation (Eq. 1) models the insect’s flight mechanics 
and is parameterized by the system matrix A characterizing the 
insect’s natural response to perturbations in its motion state x. 
The control matrix B and disturbance matrix G characterize the 
insect’s forced response to control inputs u and aerodynamic 
disturbances d, respectively. The output equation (Eq. 2) models 
how the resulting self-motions map to the insect’s sensor output 
and is parameterized by the output matrix C characterizing the 
physiological mapping from the insect’s motion state x to its sen-
sor outputs y. Together, these two matrix equations describe the 
transfer of signal energy from control inputs and disturbances to 
sensor outputs via the system state (Fig. 1). Simplified versions of 
the state equation have been parameterized for a few other species 
(18), but these have not been coupled to an output equation mod-
eling the resulting sensory output, and they have not been found-
ed on an accurate model of the kinematic inputs used in flight 
control. Given our model’s centrality to the conclusions that fol-
low, we detail how we parameterize Eq. 2 empirically in relation 
to a blowfly’s visual physiology and flight physics. We then ana-
lyze this model using control-theoretic methods to identify the 
functional principle that the tuning of the blowfly’s motion vision 
system embodies.

Visual physiology
We first characterize the motion vision system whose tuning we aim 
to explain, providing the reader with a brief description of its anato-
my and physiology, before using new and published electrophysio-
logical recordings to parameterize the output equation (Eq. 2).
Visual output vector
The output layer of the fly motion vision system is formed by a set 
of wide-field optic flow–sensitive neurons called the LPTCs. A sub-
set of the LPTCs in Calliphora is tuned to respond specifically 
to self-motion stimuli, including the 10 vertical system (VS) cells 
{VS1 to VS10} and three horizontal system (HS) cells {HSN, HSS, 
HSE} of each optic lobe (11, 15, 25, 26). The VS and HS cells arbo-
rize ipsilaterally, yet some of their response fields extend across 
both visual hemispheres (Fig. 2B), which is important for distin-
guishing rotational from translational self-motion (3). This binocu-
larity is made possible by a complex coupling arrangement (fig. S6) 
in which heterolateral LPTCs called V cells {V1, V2, Vx} and H 
cells {H1, H2, Hx} relay output from the contralateral optic lobe 
(11, 26, 27). The binocular VS and HS cell outputs are ultimately 
combined with output from other sensory modalities involved in 
flight control by descending neurons that relay sensory informa-
tion to the wing, leg, and neck motor systems (28,  29). Hence, 
whereas the VS and HS cells form the output layer of each optic 
lobe, the heterolateral V and H cells form a shallow hidden layer 
that is critical to the function of this bilaterally symmetric deep 
neural network (fig.  S6). To allow us to analyze their respective 
functions, we used the characteristic responses of all 19 cells in 
each of the two mirror-symmetric optic lobes to form the 38 ele-
ments of the output vector y. To enable modeling the output vector 
y, we must quantify the LPTC responses using a combination of 
new and existing electrophysiological recordings, as described in 
the next section.

Electrophysiological measurements
Characterization of the LPTCs’ electrophysiological responses to 
local image motion (Fig. 2, B to E) reveals that each cell’s response 
field [i.e., the vector field describing its local motion sensitivity 
(LMS) and local preferred directions (LPDs)] resembles a coherent 
optic flow stimulus associated with some specific combination of ro-
tational and translational self-motion (16). For example, it is well 
known that the VS cells signal combinations of heave translation 
and roll or pitch rotation (Fig. 2F) (15, 25), whereas the HS cells 
signal combinations of yaw rotation and sideslip or forward transla-
tion (26). The responses of the heterolateral LPTCs have been less 
well studied, so to complete our model of the blowfly motion vision 
system, we characterized the V1, V2, and Vx response fields of male 
and female flies experimentally (Fig. 2, C to E). We did so by making 
extracellular recordings of the cells’ activity in response to local im-
age motion, which we used to determine the spatial distribution 
of their LPDs and LMS across the visual field (see Materials and 
Methods). These new data from both sexes complement and com-
plete existing recordings made extracellularly from the V and H cells 
(26, 30, 31) and intracellularly from the VS, HS, and Hx cells of fe-
males only (15, 25–27). Our results show no functional differences 
between males and females and demonstrate that the preferred rota-
tion axes of V1, V2, and Vx (Fig. 2G) each coincide with different 
subsets of the VS cells (Fig. 2F; see also fig. S6). The correspondence 
between the response fields of the LPTCs and the optic flow fields 
associated with specific combinations of rotational and translational 
self-motion is notable, but the dynamical importance of these pat-
terns has only been examined qualitatively to date (3).
Physiological modeling of the output equation
The response fields {Fi} of the i = 1,… , 38 LPTCs of the left and 
right optic lobes are defined in retinal azimuth and elevation coor-
dinates {γ, β} whose equatorial plane β = 0 is assumed to be held 
horizontal at equilibrium. The retinal coordinate system is assumed 
to rotate with the body such that the ray defining its origin coincides 
with the x axis used in our flight dynamics modeling (Fig. 3). This 
approximation is valid for the small perturbations that we model 
and is reasonable to the extent that compensatory head movements 
are driven optokinetically (32, 33), supported by mechanosensory 
mechanisms including the fast gyroscopic haltere system (29). How-
ever, even the fastest haltere-induced response would not fully com-
pensate for body rotations to maintain a level gaze during the initial 
phase of the perturbation (34). The magnitude of the optic flow ex-
perienced during translational self-motion varies inversely with dis-
tance to the visual environment. To determine how the LPTCs are 
expected to respond to rigid-body motion, we assume that the in-
sect is flying at the centre of a 2-m cube, although we relax this as-
sumption later. To parameterize the output equation (Eq. 2) in this 
environment, we compute the partial derivative of the optic flow 
field Q̇ with respect to each element of the state vector x (see Materi-
als and Methods). We then take the inner products of the resulting 
matrices with the LPTC response fields {Fi} and use these to form 
the elements of the unilateral output matrix C′ , whose 38 normal-
ized rows c′

i
 describe the preferred directions of self-motion of the 

19 mirror-symmetric pairs of LPTCs. We treat the outputs of the left 
and right optic lobes separately (table S7). Last, because symmetric 
and asymmetric motions can be treated separately in our linearized 
flight dynamics model (see Fig. 3F), we restructure C′ to form a 
bilateral output matrix C whose 38 normalized rows represent the 
summed and differenced responses of the 19 mirror-symmetric 
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Fig. 2. The fly motion vision system. (A) A flying insect has six degrees of freedom in rotation {p, q, r} and translation {u, v, w}. Its compound eyes sense self-motion using 
an array of repeated elementary motion detectors whose outputs are pooled by the LPTCs. LPTCs build an output layer of 13 pairs of VS and HS cells connected by a hid-
den layer of at least six pairs of V and H cells coupling the left and right optic lobes. (B) Binocular response field of the left VS6 cell showing the neurons’ LPDs and LMSs as 
a function of azimuth (γ) and elevation (β) in retinal coordinates. This closely resembles the optic flow associated with left-handed roll motion (27), and because the LPTCs 
only arborize ipsilaterally, the weak contralateral response visible here must be due to coupling by the heterolateral V cells. (C to E) Newly measured response fields of the 
right V cells, where N denotes the number of individuals from which the recordings were pooled. (F and G) Preferred rotation axes of the left VS (15, 25) and V cells (new 
data); cells of the right optic lobe have responses that are mirror symmetric to those of the left optic lobe. Long arrows in (F) and (G) give the average preferred rotation 
axis of the functional groups VS1 to VS3, VS4 to VS7, and VS8 to VS10 and the spiking V1, V2, and Vx cells, respectively. Black circular arrows indicate preferences for clock-
wise or counterclockwise rotations.
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pairs of LPTCs (see  Fig.  4A below). This pairwise approach to 
combining the output of the left and right optic lobes is intended 
to reflect that each LPTC pair carries separable information about 
symmetric versus asymmetric motions and makes no explicit as-
sumptions about the actual downstream connections of the LPTCs. 
This is necessary because our knowledge of how the descending 
neurons combine this information remains incomplete (35–37).

Flight physics
The parameterized output equation (Eq.  2) models how the in-
sect’s six degrees of freedom of rigid-body motion are represented 
in the 38-dimensional output of its motion vision system. To un-
derstand how this sensor output responds to control inputs and 
aerodynamic disturbances, we must also model the insect’s flight 
dynamics by parameterizing the state equation (Eq. 1). Previous 
state-space models of insect flight control (18) have not attempted 
to identify the detailed control inputs that are available to the insect, 
so building a biologically meaningful model requires the development 

of new analytical modeling approaches, as described in the sec-
tions below.
State and disturbance vector
The insect’s rigid-body flight dynamics (Fig. 2A) are described by 
the Newton-Euler equations of motion relating its linear and angu-
lar acceleration to the gravitational and aerodynamic forces and mo-
ments (17). For convenience, these vector quantities are defined in 
body-fixed stability axes whose x axis is aligned to the flight veloc-
ity vector at equilibrium and whose y axis is normal to the insect’s 
symmetry plane. It follows that the insect’s state vector x must con-
tain complete information about its linear velocity v = [u v w]T and 
angular velocity � = [p q r]T with respect to an inertial reference 
frame, together with information about the roll and pitch angles of 
the body {ϕ, θ} , which is needed to keep track of gravity as the insect 
rotates. For the linearized system in Eq. 2, these eight elements of 
the state vector x are treated as small perturbations (δ) from level 
symmetric rectilinear flight at equilibrium and are separated into 
their symmetric and asymmetric parts xlong = [δu δw δq δθ]T and 

-0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2
-1

-0.5

0

0.5

1 10-5

(m/s)

(N
)

ED F

Symmetric modes

Asymmetric modes

A

Twist Offset      (deg)
-20 0 20 40 60 80 100 120

-20

0

20

40

60 PC1

B

Tw
is
t G

ra
di
en
t  
   
 (d

eg
)

-60

-50

30

20

10

0

-10

-20

-30

-40

6050-30 -20 -10 0 10 20 30 40

PC1C

D
ev
ia
tio
n 
A
ng
le
   
   
(d
eg
)

Stroke Angle      (deg)

Fig. 3. Modeling of blowfly flight physics. (A) We estimated the fly’s inertia tensor using synchrotron-based x-ray microtomography: Images show a three-dimensional 
rendering and longitudinal and transverse slices of a male blowfly. (B and C) We used high-speed videography to record the wing kinematics of free-flying blowflies over 
a range of flight speeds and used functional PC analysis to define a set of control inputs summarizing the coupled variation in wing-twist (B) and tip (C) kinematics: Phase 
portraits illustrate the reference wing kinematics (black) ± 1 SD (cyan/magenta) in the first principal component (PC1). PC1 involves coupled changes in stroke plane, 
stroke amplitude, and wing twist, which we may conceptualize as characterizing the result of the fly’s limit-cycle control of its wingbeat oscillation (70). (D) We used a 
RANS solver to model how the aerodynamics vary with the kinematics; this image of the wing and wake shows vortex shedding at the end of the downstroke, visualized 
using iso-Q criterion surfaces (Q = 0.001) colored by vorticity. (E) We estimated the fly’s stability and control derivatives by regressing the wingbeat-averaged aerody-
namic forces and moments on the perturbed states or control inputs for a single wing; change in lateral force with respect to the change in lateral velocity is shown; 
control derivatives were estimated similarly by modeling the changes in the aerodynamic forces with respect to each modeled control input. (F) Eigenstructure of the 
system matrix A with labels denoting the dominant components of self-motion for the associated eigenvectors; note the pair of unstable modes with positive real parts, 
indicating that the fly’s flight dynamics are inherently unstable.
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illustrate by taking the sum (blue) or difference (red) of their response fields, shown here for VS7. (B and C) The response fields shown in (A) encode the cells’ preferred direc-
tions of rotational and translational self-motion, which the mode-sensing hypothesis predicts will be aligned to dynamically important directions in the insect’s state 
space. To test this, we quantified their alignment to the ordered symmetric (blue) or asymmetric (red) eigenvectors of the controllability and observability Gramians 
{v1, … , v8} , ranked by their dynamical significance (data in tables S8 and S9). Collectively, the VS cells strongly encode all of the most controllable directions of symmetric 
and asymmetric motion, whereas the HS cells strongly encode only the most observable direction of symmetric motion. (D) Averaging over each LPTC subpopulation, the 
V and VS cells strongly encode the directions that maximize controllability or disturbance sensitivity both independently and jointly with observability; asterisks (*) denote 
statistical significance controlling the overall type I error at α = 0.05 . No LPTC subpopulation is aligned to the most observable directions of motion, as would be conven-
tional in engineering design. (E) To assess overall system performance, we computed four measures (the Hankel, Frobenius-Hankel and Hankel Nuclear norm, and the 
minimum unstable) of the HSVs {h1, … , h8} characterizing signal energy flow through the system for all 19 LPTC pairs (red points) and compared these with the HSVs of 
10,000 randomly generated sets of preferred directions (blue box plot; whiskers extend ± 2.7 SD). The blowfly’s HSVs are far higher than expected by chance, demonstrat-
ing that the LPTCs’ tuning maximizes signal energy flow through the system. The first HSV provides an upper bound on signal energy flow from input to output.
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xlat =
[
δv δp δϕ δr

]T , describing longitudinal and lateral motions, 
respectively. Bulk motion of the surrounding air mass produces the 
same relative airflow as translational or rotational self-motion, so we 
use analogous perturbation quantities to form the aerodynamic dis-
turbances in the disturbance vector d.
Reference wing kinematics
A blowfly’s wingbeat is a complex three-dimensional limit cycle 
motion involving substantial aeroelastic deformation, driven by 
muscular forces applied at the wing root through one of the most 
complex linkages in the natural world (38). To capture this com-
plexity, we used four high-speed video cameras to record the de-
forming wing kinematics of N = 28 individuals over 274 flights at 
3800 frames per second (fps) and used a voxel carving method (39) 
to identify the three-dimensional outline of the wings and estimate 
the pose of the body (Fig. 3B); see Materials and Methods. We 
measured the angular position of the wing tips 

(
θw ,ϕw

)
 in a body-

fixed coordinate system (Fig. 3C) and estimated the torsional de-
formation of the wings under a linear twist distribution for the 
pitch angle of the wing, ω[r] = ω0 + ωrr (Fig. 3B). We then fitted a 
Fourier series with a linear trend to each of the 2708 wingbeats that 
we recorded for either wing. We defined a set of reference wing ki-
nematics for our aerodynamic modeling by averaging the Fourier 
coefficients over three wingbeats representing near-equilibrium 
flight. These three wingbeats were centered on the wingbeat that 
most nearly achieved level flight from within the subset of wing-
beats associated with near-zero body acceleration (<0.5 m s−2). For 
generality, we set the reference wingbeat frequency ( fe = 166 Hz), 
reference flight speed (ue = 0.85 m s−1), and reference body pitch 
angle ( θe = 30◦ ) to their mean values over all of the wingbeats we 
measured and used these to model a reference condition of level 
forward flight.
Control input vector
Whereas the control inputs of an aircraft are known by design and 
include simple mechanical quantities such as throttle settings and 
control surface deflection angles, insect wings are passive struc-
tures that lack discrete control surfaces. This makes it challenging 
to identify what inputs an insect’s control vector u should con-
tain, but defining this in a biologically meaningful way is essen-
tial to any meaningful analysis of controllability. We therefore 
used functional principal components (PCs) analysis (40) to sum-
marize the empirical variation in the Fourier coefficients describ-
ing each of the 2708 wingbeats that we had measured. This analysis 
decomposed the observed aeroelastic variation in the wing kine-
matics into a set of PCs characterizing the dominant kinematic 
couplings (Fig. 3, B and C; see Materials and Methods). The first 
four PCs define an orthonormal basis for the control vector u that 
is sufficient to capture 61% of the measured variation in the Fourier 
coefficients. We assumed that the four PCs could be controlled inde-
pendently on each wing and used them together with the wingbeat 
frequency f to define the nine elements of the control vector u. It is 
an open question whether this approach is sufficient to describe all 
of the important kinematic variation in blowfly flight control, but 
our use of these four PCs is a pragmatic choice to ensure that the 
dimension of the resulting control input vector u is the same as that 
of the state vector x, resulting in a fully actuated, rather than under-
 or overactuated, system. Furthermore, in a qualitative sense, the 
first four PCs already capture the key kinematic control inputs that 
are known to be important in insect flight control (41), including 

coupled changes in stroke amplitude and stroke plane (Fig. 3C) and 
changes in the timing and extent of wing rotation at or around stroke 
reversal (Fig. 3B).
Physical modeling of the state equation
We used synchrotron-based x-ray microtomography (Fig. 3A) 
to estimate the inertia tensor of Calliphora for N = 3 freshly eutha-
nized individuals and used a Reynolds-averaged Navier-Stokes 
(RANS) solver (Fig. 3D) to model the aerodynamic forces and mo-
ments acting at the wing hinge under the reference kinematics. 
Because the flight dynamics model is linearized about equilibrium, 
we adjusted the assumed body mass, body drag, and wing hinge 
moment arm so that the aerodynamic forces and moments bal-
anced the gravitational force when integrated over the reference 
wingbeat kinematics. We then ran a computational experiment 
(42) in which we simulated the aerodynamic effect of small per-
turbations to the insect’s motion state in x. These perturbations 
are aerodynamically equivalent to the gust disturbances in d, so 
having estimated the partial derivatives of the wingbeat-averaged 
aerodynamic forces and moments using a zero-intercept regres-
sion model (Fig. 3E), we were able to parameterize the system 
matrix A and disturbance matrix G. We parameterized the con-
trol matrix B in a similar manner for symmetric versus asym-
metric control inputs, thereby completing our modeling of the 
state equation (Eq. 1).

Cotuning of physics and physiology
Having fully parameterized our state-space model of blowfly flight 
(Eq. 2), we had yet to identify the functional principle that under-
pins the physiological tuning of the LPTCs. We begin by examining 
the natural dynamics of the physical system as a prerequisite for the 
more advanced control-theoretic analyses that follow.
Eigenstructure of the flight dynamics
The system matrix A has an eigenstructure (Fig. 3F) similar to most 
other models of insect flight dynamics (18), describing a character-
istic set of symmetric versus asymmetric, stable versus unstable, and 
oscillatory versus monotonic motions. We summarize these by re-
porting the nondimensional period ( ̂T  ) and/or time constant ( ̂τ ) 
of each mode expressed relative to the insect’s wingbeat period. The 
symmetric modes are dominated by coupled pitch-heave mo-
tions, comprising a pair of fast ( ̂τ = 8.4 ) and slow ( ̂τ = 72.9 ) stable 
monotonic subsidence modes and a slow unstable oscillatory mode 
( ̂T = 70.0 ; τ̂ = 24.6 ). The asymmetric modes are dominated by cou-
pled roll-yaw motions, comprising a slow but heavily damped oscil-
latory mode ( ̂T = 48.1 ; τ̂ = 8.2 ), a fast stable monotonic subsidence 
mode ( ̂τ = 2.6 ), and a fast unstable monotonic divergence mode 
( ̂τ = 10.7 ). The time constants of the unstable modes are large 
enough that the instability they describe will develop on a timescale 
of tens of wingbeats in the absence of closed-loop control. Given 
that the period of each oscillatory mode is also an order of magni-
tude longer than the wingbeat period, these results validate our ear-
lier assumption that the aerodynamic forces and moments may be 
replaced by their wingbeat averages when modeling the rigid-body 
flight dynamics (Eq. 1). Moreover, because blowfly flight is inher-
ently unstable with respect to both symmetric and asymmetric mo-
tions, it follows that the insect must use the output of its sensors 
to command closed-loop flight stabilization. That being so, how has 
evolution tuned the visual physiology of the blowfly in relation to its 
flight dynamics?
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Formalization of the mode-sensing hypothesis
The tuning of the LPTCs is characterized by the normalized row 
vectors of the bilateral output matrix C, each of which represents a 
specific symmetric or asymmetic combination of optic-flow field 
(Fig. 4A) that the LPTCs are best tuned to detect (5). The mode-
sensing hypothesis predicts that these physiologically preferred di-
rections of self-motion should be matched to certain dynamically 
important directions of self-motion determined by the animal’s 
flight dynamics (3). For the unstable system described by  Eq.  2, 
those dynamically important directions are characterized by a set of 
real symmetric matrix structures called Gramians, which are de-
fined in the frequency (ω) domain as

where I is the identity matrix (43). The disturbance-sensitivity 
Gramian Xd is composed similarly to the controllability Gramian 
Xc, replacing B with G. These Gramians are evaluated as solutions to 
a combined pair of Riccati and Lyapunov equations (see the Supple-
mentary Materials), but it is evident by inspection of Eq. 4 that they 
relate to the interaction between the natural response of the system 
described by the system matrix A and the output matrix C, the con-
trol matrix B, or the disturbance matrix G. Each Gramian therefore 
relates to one of the distinct flows of signal energy summarized by 
the red arrows in Fig. 1.

To explain their dynamical importance more formally, we note 
that the orthonormal eigenvectors {̂vj} and ordered eigenvalues 
{λj} of each Gramian define the principal axes of an n-dimensional 
ellipsoid with semiaxis lengths 

√
λj , the longest axes of which repre-

sent the most dynamically important directions in the insect’s state 
space (44). For example, the eigenvectors and eigenvalues of the 
controllability Gramian Xc define the principal axes of the control-
lability ellipsoid c = {x ∈ ℝ

n
; xTX

−1
c
x ≤ 1} . The dynamical impor-

tance of this structure can be seen by noting that the controllability 
Gramian Xc is defined (43) such that the quantity ∥uopt∥2 = x0

TX
−1
c
x0 

represents the minimum control input energy required to evolve the 
stable portion of the system to a given state x = x0 and regulate the 
unstable portion of the system to the origin x = 0 . It follows that the 
longest axes of the controllability ellipsoid c encode the most con-
trollable directions in the insect’s state space, representing the spe-
cific self-motions that can be produced with the least input energy 
∥uopt∥

2 at the controls.
The observability and disturbance-sensitivity ellipsoids are con-

structed similarly, such that the observability ellipsoid o encodes 
the most observable directions (i.e., the self-motions that charac-
teristically yield the most output energy at the sensors), and the 
disturbance-sensitivity ellipsoid d encodes the most-sensitive di-
rections (i.e., the self-motions that can be excited with the least in-
put energy in a gust). These three ellipsoids thereby describe the 
specific self-motions that the insect is best able to drive 

(c) , best 
equipped to estimate 

(o) , and most prone to experience 
(d) . 

Aligning the sensors to any of these sets of dynamically important 
directions would therefore reflect a different optimization principle 
associated with signal energy flow through the system (Fig.  1). 

Comparing these dynamically important directions with the pre-
ferred directions of the LPTCs (Fig. 4, B to D) allows a formal test of 
the mode-sensing hypothesis and the identification of any underly-
ing optimality principles in the control-theoretic framework of ob-
servability, controllability, and disturbance sensitivity (45).
Directional tuning of the LPTCs
We quantified the alignment of the preferred directions of the 
LPTCs to the dynamically important directions of self-motion by 
taking their absolute inner products κij =

|||
⟨
ĉi, v̂j

⟩||| . However, be-
cause the inner product of any symmetric-asymmetric pairing is 
identically zero, we use κ∗

ij
 to distinguish symmetric-symmetric or 

asymmetric-asymmetric pairings for which κ∗
ij
∈ [0, 1] . This analysis 

shows that the differenced responses of the three V cells and VS2 to 
VS10 are very strongly aligned 

(
κ∗
ij
≥0.9

)
 with the most controllable 

direction of asymmetric motion, whereas the differenced response 
of VS1 is similarly strongly aligned with the second-most control-
lable direction of asymmetric motion (Fig. 4B and table S8). Like-
wise, the summed responses of the subset {V1, Vx, VS1, and VS2, 
VS8 to VS10} are strongly aligned 

(
κ∗
ij
≥0.7

)
 with the most control-

lable direction of symmetric motion (Fig. 4D). The same holds true 
for the disturbance-sensitivity directions, but the summed and dif-
ferenced responses of the VS cells are only weakly aligned with the 
most observable directions of symmetric and asymmetric motion (
κ∗
ij
≤0.5

)
 . In contrast, the summed responses of the HS and H cells 

are all strongly aligned 
(
κ∗
ij
≥0.7

)
 with the most observable direc-

tion of symmetric motion (Fig. 4C and table S9), with those of the 
subset {HSE, H1, H2, Hx} being especially so 

(
κ∗
ij
>0.9

)
.

Overall tuning of LPTC subpopulations
To assess the tuning of each subpopulation of LPTCs to each set of 
dynamically important directions, we defined their weighted mean 
alignment (η) as

which measures the extent to which the preferred direction vectors 
of an entire subpopulation of LPTCs encode the longest axes of a 
given ellipsoid and generalizes to the case where the preferred direc-
tions of the LPTCs used to calculate the {κij} are replaced with a 
mirrored set of randomized direction vectors drawn from a uniform 
distribution on the unit sphere in ℝ8 . A Monte Carlo analysis run 
over 100,000 such sets yields an expected weighted mean alignment 
of η = 0.42 under the null hypothesis. Applying a Bonferroni correc-
tion to control the type I error rate at α = 0.05 (Fig. 4D), we found 
that the VS cells encode the most controllable and most sensitive 
directions much more strongly than expected by chance ( η = 0.73 
and η = 0.76 , respectively; two-tailed P < 0.0025) and the most ob-
servable directions more weakly ( η = 0.17 ; two-tailed P < 0.0025). 
The V cells display similar properties, also encoding the most con-
trollable and most sensitive directions much more strongly than ex-
pected by chance ( η = 0.75 and η = 0.80 , respectively; two-tailed 
P < 0.0025). In contrast, the HS cells do not encode any set of dy-
namically important directions any more strongly than expected 
by chance ( η ≤ 0.42 ), and the H cells encode the most-sensitive 
directions much more weakly ( η = 0.07 ; two-tailed P < 0.0025). It 

Observability Gramian:Yo=
1

2π ∫
∞

−∞

(
− jωI−A

T
)−1

C
T
C
(
jωI−A

)−1
dω
(3)

Controllability Gramian:Xc=
1

2π ∫
∞

−∞

(
jωI−A

)−1
BB

T
(
− jωI−A

T
)−1

dω

(4)

η =

∑2n

i=1

∑8

j=1
kij

√
λj

n
∑8

j=1

√
λj

(5)
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follows that the VS and V cells are tuned to encode the effects of 
control inputs and gust disturbances, whereas the H cells are tuned 
to observe characteristics of the optic flow field that are compara-
tively insensitive to disturbances.
Joint optimization of sensing and control
The properties of controllability, observability, and disturbance sen-
sitivity relate to signal energy flow to or from the system state and so 
depend on our choice of coordinate system for the state vector x. 
That choice is meaningful for a technological system whose internal 
state is represented explicitly in its programming, but it is ambigu-
ous for a biological system whose internal state cannot be directly 
observed. This ambiguity is eliminated by the alternative hypothesis 
that instead of being tuned to optimize any one such property in a 
given state space, the preferred directions of the LPTCs are matched 
to the directions of self-motion that jointly optimize controllability 
and observability or disturbance sensitivity and observability. A sys-
tem that implemented this principle would be globally optimal in 
the sense that it would maximize the transfer of signal energy from 
input to output and hence distinctive in the sense that it would not 
depend on our choice of coordinate system for the state. For exam-
ple, if evolution has tuned the VS cells to detect the effects of control 
inputs, then we should expect them to be strongly aligned to the 
joint most controllable and observable directions. Conversely, if 
evolution has tuned the HS cells to observe characteristics of the 
optic flow field that are robust to gust disturbances, then we should 
expect them to be weakly aligned to the joint most sensitive and 
observable directions.

The jointly optimized directions of self-motion are given by the 
normalized column vectors { t̂j } of the transformation matrix T−1, 
where <x = Tx is a balancing transform that equalizes and simultane-
ously diagonalizes the transformed Gramians. Applying this bal-
ancing transform, which is distinct up to multiplication by a sign 
matrix, we have either 

<

Xc =
<

Yo or 
<

Xd =
<

Yo , where 
<

Yo =
(
T−1

)T
YoT

−1 
is a diagonal matrix. The diagonal entries of this matrix are the sys-
tem’s Hankel singular values (HSVs), which may be calculated di-
rectly as hj =

√
λj where {λj} are the ordered eigenvalues of YoXc or 

YoXd. The HSVs are similarity invariants that do not depend on the 
choice of coordinate system for x, and they measure the degree of 
joint observability and controllability or disturbance sensitivity in 
the directions {̂tj} in the original coordinate system. Whereas the 
eigenvectors of the balanced Gramians in the new coordinates are 
orthogonal, the directions that they define in the original state space 
are not.

To assess the overall tuning of the LPTCs to these jointly opti-
mized directions, we calculated their absolute inner products as 
κij =

|||
⟨
ĉi, t̂j

⟩||| , reporting their weighted mean η using the HSVs 

hj =
√

λj as the weights in Eq. 5. This analysis (Fig. 4D; see also Fig. 5, 
A and B, and tables S10 and S11) confirms that the VS and V cells 
encode the most controllable/observable ( η ≥ 0.75 ) and most sensitive/
observable directions ( η ≥ 0.74 ) much more strongly than expect-
ed by chance (two-tailed P < 0.0025). The VS and V cells thereby 
embed the principle of encoding the directions in state space for 
which signal energy flow through the system is maximized. In other 
words, they are tuned to sense the modes of motion whose excita-
tion yields the greatest sensor output for a given input of energy at 
the controls or in a gust. In contrast, the H cells encode the most 
sensitive/observable directions much more weakly than expected by 

chance ( η = 0.13 ; two-tailed P  <  0.025). In other words, they are 
tuned to be insensitive to the modes of motion that are most readily 
excited by aerodynamic disturbances.
A functional principle of visuomotor tuning
The preceding analyses compare the randomly generated directions 
or preferred directions of the LPTCs with the biological ground 
truth of the parameterized state-space model (Eq. 2). This approach 
enables us to draw conclusions about the directional tuning of the 
individual LPTCs, but it risks circular reasoning because their pre-
ferred directions also define the output matrix C that is used to gen-
erate the observability Gramian Yo (Eq. 3). This circularity can be 
avoided together by composing a semirandom observability Grami-
an Ỹo from the original system matrix A and a random output ma-
trix C̃ formed by generating 19 random direction vectors, mirroring 
these to yield 19 mirror-symmetric pairs, and taking their sums 
and differences to yield a bilateral output matrix with 38 rows. We 
then use Ỹo to compute the randomized HSVs as h̃j =

√
λj , where the 

{λj} are the ordered eigenvalues of ỸoXc or ỸoXd.
Figure 4E shows four measures of the HSVs associated with the 

fly’s joint controllability and observability directions fall at the upper 
extreme of the null distribution of 10,000 randomly generated sets. 
The first measure is the Hankel norm for the open-loop system or 
the largest HSV h1. The second is the Hankel-Frobenius norm, �∑

ih
2
i
 , the third is the Hankel Nuclear norm, 

∑
ihi , and the fourth 

is the minimum HSV h(Gu) from the unstable partition Gu of the 
system. Of particular interest is the minimum unstable HSV, which 
has been shown to be directly related to the worst-case control en-
ergy and robustness to additive uncertainty in closed loop (24, 46). 
This confirms our conclusion that the preferred directions of the 
blowfly motion vision system are specifically adapted to maximize 
the flow of signal energy from control inputs to sensor outputs, 
where signal energy is defined for an arbitrary vector signal w(t) as

and ∥ ⋅∥2 is the Euclidean vector norm. Moreover, the first HSV pro-
vides an upper bound on signal energy flow from input to output 
and is higher for the biological ground truth than for any of the ran-
domly generated systems in Fig. 4E. Similar conclusions hold for the 
fly’s joint disturbance-sensitivity and observability directions and 
hence for the flow of signal energy from gust disturbances to sensor 
outputs (fig. S5, B and D). Last, given that the neck motor neurons 
that drive optokinetic head movements display response properties 
similar to those of the VS and HS cells (32), we infer that the same 
principle of maximizing signal energy transfer is also likely to apply 
at the level of the neck motor system driving any compensatory 
head movements.
Robustness of conclusions
To avoid making any assumptions on how the LPTC outputs are 
combined, we verified that the same conclusions hold when the 
HSVs are calculated for the unilateral output matrix C′ as opposed 
to the bilateral output matrix C (fig. S5). We also tested how the as-
sumed nearness distribution of the visual environment influences 
the fly’s HSVs by synthesizing 100 perturbed output matrices and 
observability Gramians with respect to two different environmen-
tal configurations: a cuboid environment generated by perturbing 
the 2-m cube used in the analyses above and a segmented ellipsoid 

signal energy: ∥w(t)∥2
L2[0,∞)

= ∫
∞

0

∥w(t)∥2
2
dt (6)
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Fig. 5. Tuning of the VS LPTCs to the fly’s jointly controllable/observable directions of self-motion. (A and B) Signal energy flow is maximized when a system’s sen-
sors are matched to its most controllable/observable directions of self-motion. To demonstrate the closeness of this tuning in the blowfly, we first quantified the align-
ment of the preferred directions of the LPTCs to the ordered symmetric (blue) or asymmetric (red) column vectors {t1, … , t8} of the inverse balancing transformation 
matrix. These vectors span the entire controllable/observable subspace of the insect, and the bilaterally summed and differenced response fields of the VS and V cell pairs 
are shown to be strongly aligned with all of them (data in tables S10 and S11). (C and D) To demonstrate this visually, we also computed the reprojected optic flow fields 
corresponding to (C) the top three most controllable/observable directions of symmetric (blue) or asymmetric (red) self-motion and (D) the preferred directions of sym-
metric (blue) or asymmetric (red) self-motion for the three V cell pairs. (E) The summed and differenced response fields of the V cell pairs also resemble the reprojected 
optic flow fields corresponding to the joint most controllable/observable directions of motion, with spatial variation due to the embedded nearness distribution corre-
sponding to a natural environment (16).
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environment generated by perturbing a sphere of equal nominal vol-
ume (fig. S4, A and C). The parameters defining each configuration 
were selected at random from a uniform distribution with 50% vari-
ation from their nominal values to generate variability and asymmetry 
in the assumed visual environment. The resulting distributions of 
perturbed HSVs again remain at the extreme upper end of the null 
distribution (fig. S4, B and D). We conclude that the directional tun-
ing of the LPTCs maximizes signal energy transfer between the 
inputs and outputs of the system as opposed to maximizing conven-
tional design criteria such as the accuracy of state estimation.

DISCUSSION
How does the LPTCs’ tuning embed the functional principle of 
maximizing signal energy transfer from input to output? As we have 
shown (Fig. 4), the VS LPTCs are strongly aligned to the insect’s 
most controllable/observable directions of self-motion. Further-
more, their alignment is high not only for all eight of the joint con-
trollability/observability directions but also for those that are the 
most controllable/observable (Fig. 5, A and B). Specifically, every 
one of the joint controllability/observability directions is strongly 
aligned ( κ∗

i,j
≥ 0.75 ) with at least one VS cell and at least one V 

cell (Fig. 5, A and B), and the same result holds true for the joint 
disturbance-sensitivity/observability directions. In contrast, the HS 
cells encode the joint controllability/observability directions much 
less strongly (Fig. 4D), effectively encoding a region of state space 
that is of lesser dynamical importance to the insect and that is likely 
to be of greater importance in guidance and navigation tasks.

How is this combination of breadth and specificity possible? In 
principle, the 10 pairs of VS cells have sufficient redundancy to en-
code any set of eight directions strongly, but the same cannot be said 
of the three pairs of V cells. The strength of the V cells’ alignment to 
all of the joint controllability/observability directions instead re-
flects the fact that these eight directions are highly nonorthogonal, 
describing a narrow region of the insect’s state space that is domi-
nated by the same rotational motions that dominate the VS and V 
cell responses (Fig. 2, B to E). Specifically, the natural modes of mo-
tion of a blowfly (Fig. 3F) are dominated by pitch-heave and roll-
yaw dynamics (table S6), which are the same self-motions that the 
VS LPTCs are tuned to sense. This is the region of state space that is 
of the greatest dynamical importance to the insect, and the hidden 
layer of V cells embeds it in its entirety (Fig. 5B).

The strength of this embedding can be visualized by comparing 
the summed and differenced response fields of the V cells (Fig. 5E) 
with the optic flow fields corresponding to their preferred directions 
of self-motion (Fig. 5D) and with the optic flow fields correspond-
ing to the top three most controllable/observable directions for the 
insect (Fig. 5C). The closeness of the match is notable, and this to-
gether with the broader correspondence between the VS LPTCs and 
the joint controllability/observability and disturbance-sensitivity/
observability directions makes the VS and V cells well suited to 
modulating flight stabilization and control. In contrast, the HS 
LPTC responses are dominated by forward motion and yaw sideslip. 
With the exception of yaw, these motions are of lesser dynamical 
importance, but they include the equilibrium forward-flight condi-
tion about which the dynamics are linearized. It follows that the HS 
cells are better suited to encoding steady-state properties of the in-
sect’s self-motion associated with its navigational state and guidance 

behaviors, which are also the directions of self-motion that are most 
robust to disturbance.

What are the functional benefits of structuring a system in this 
way? Intuitively, it makes sense to optimize a system’s sensors in 
relation to the endogenous inputs and exogenous disturbances that 
excite its motion, but how does this work in the context of closed-
loop control? Multi-input multi-output (MIMO) systems are in-
herently directional; not only does the amplitude of the input or 
disturbance signal determine the magnitude of the response but the 
directionality can also have an influence. The transfer of signal en-
ergy from input to output is maximized by optimizing the storage 
and retrieval of signal energy to and from the system state. Hence, 
applying the principle of maximizing the HSVs by tuning the sens-
ing directions in C to the actuation directions of B through the nat-
ural modes of A balances the open-loop system so that it is optimized 
for maximum achievable closed-loop performance, which is mani-
fest in several ways. First, it maximizes the open-loop gain of the 
plant G so that the resulting outputs will have increased signal mag-
nitude, improving the open-loop signal-to-noise ratio. A similar 
result is not achievable by simply increasing the gain of the control-
ler K because the measurements (and attendant noise) will be am-
plified simultaneously. Second, we note that the minimum unstable 
HSV h(Gu) (Fig. 4E) is inversely proportional to the worst-case ac-
tuator effort ∥KSo∥∞ over any controller K (46)

where the sensitivity function So = (I+GK)−1 is the closed-loop 
map between exogenous inputs such as disturbances d, noise, and 
references to the internal error signal e for the standard negative 
feedback loop. Therefore, increases in the minimum unstable HSV 
will result in a reduction in the input demand and control energy 
required to stabilize an unstable system. Last, the norm ∥KSo∥∞ is 
inversely proportional to the size of the additive perturbation that 
the resulting closed-loop system can tolerate (47); therefore, tuning 
the open-loop system in this way maximizes the achievable robust-
ness to unstructured additive uncertainty over all possible control-
lers (24). In addition, the approach of tuning an open-loop system 
to maximize potential closed-loop performance, independent of the 
feedback architecture, is well documented and has precedent in the 
sensor placement and selection literature (48).

The evolutionary principle that we have identified of maximizing 
signal energy transfer from motor input to sensor output represents 
a radical departure from the design of current technological systems. 
In conventional engineering practice, sensor placement is usually 
optimized at a late stage of platform design and typically aims to 
maximize the accuracy of state estimation. This is achieved by maxi-
mizing the signal-to-noise ratio at the sensors, which means placing 
them to optimize observability (23, 49). Tuning the LPTC response 
fields in this manner would yield sensor outputs with the best pos-
sible signal-to-noise ratio, but if the system was rarely excited in 
those directions by its own actions or by disturbances, then it would 
not be energetically efficient to encode them. In contrast, natural se-
lection tends to produce neural architectures that prioritize ener-
getic and hence computational efficiency (50), so it is reasonable to 
suppose that the principle of maximizing signal energy throughput 
might also extend to the sensorimotor systems of other organisms.

The sensorimotor pathway of the blowfly visuomotor system—in 
which thousands of directionally selective local inputs are integrated 

min
K

∥KSo∥∞ =
1

h
(
Gu

) (7)
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on the dendrites of large-field motion-sensitive neurons (LPTCs) to 
form a convergent architecture—although not essential for encod-
ing dynamically relevant state directions, represents one of several 
implementation choices available to a robotic designer. A conven-
tional robotics approach would retain dense sensory measurements 
and fuse them through a recursive observer or Kalman filter, which 
offers well-established benefits in estimation accuracy and recov-
ery of unmeasured states when sufficient computational resources 
and model fidelity are available (51). However, recursive estimators 
fundamentally rely on temporal averaging and internal dynamics, 
which necessarily introduce delay, require memory and initializa-
tion, and can reduce practical robustness in high-bandwidth or agile 
flight applications.

In contrast, sensorimotor convergence implements spatial weight-
ing at the sensing stage, embedding dynamically relevant combina-
tions of state variables directly in the sensor outputs. This enables 
instantaneous noise reduction through spatial summation with-
out introducing estimator dynamics or detailed kinematic modeling 
and reduces communication, memory bandwidth, and implementa-
tion complexity. Although recursive estimation may yield superior 
performance under ideal computational conditions, convergence-
based sensing offers a low-latency and hardware-efficient alterna-
tive that becomes particularly compelling in resource-constrained, 
edge, or microrobotic systems. From this perspective, the two ap-
proaches should be viewed as complementary architectural op-
tions rather than competing solutions, with the appropriate choice 
determined by application-specific constraints rather than estima-
tion optimality alone.

As the field of robotics transitions from platforms with senso-
rimotor architectures composed of small numbers of discrete sen-
sors and actuators to architectures with continuum sensing and 
actuation, new design principles will be required. To achieve op-
timal performance, synthesis approaches that simultaneously con-
sider the specification of sensors, actuators, and platform dynamics 
will be critical. Embodied design principles that have produced na-
ture’s most effective and agile organisms (52), such as the joint max-
imization of signal energy storage and retrieval uncovered here, 
have the potential to revolutionize the early-stage design process and 
maximize the performance of future engineering systems. These 
bioinformed design principles will prove especially relevant in ap-
plications that, similar to living organisms, are resource constrained 
by computational capacity and power or energy density and are 
inherently MIMO systems where directionality of exogenous in-
puts is important.

MATERIALS AND METHODS
Electrophysiological characterization of LPTC 
response fields
Animals and dissection method
Adult male and female blowflies (Calliphora vicina) were taken from 
a laboratory colony at Imperial College London, where they were 
kept on a 12:12-hour light:dark cycle. Flies were dissected following 
a standardized procedure (53): After removing the legs, proboscis, 
and wings, the resulting wounds were sealed with beeswax before 
the animal was fixed to a dedicated holder, with the thorax tilted 45° 
down relative to the head. The rear head capsule was opened using a 
microscalpel, and fat tissue, air sacs, and some tracheae were re-
moved to enable placement of extracellular electrodes in the lobula 

plate. Saline solution (54) was added to keep the neural tissue moist. 
The center of the head was positioned at the center of a goniometric 
visual stimulation device and aligned using the symmetrical deep 
pseudopupil method (55) at a precision of ±1° in head roll, pitch, 
and yaw. Because blowflies are invertebrates, no ethical approvals are 
required for experimental work.
Extracellular recording and visual stimulation method
We used extracellular tungsten electrodes with 3-megohm impedance 
(FHC Inc., Bowdoin, ME, USA; product code: UEWSHGSE3N1M) 
to record the neural activity of the V1, V2, and Vx heterolateral 
LPTCs. The electrodes were placed in different target areas de-
pending on the recorded cell type using the tracheal branching 
patterns of the lobula plate as landmarks. Neuronal signals were 
amplified using a custom-built differential amplifier with a nom-
inal gain of 10,000, sampled and digitized at 20 kHz using a NI 
DAQ board (USB-6211), and stored on the hard drive of a PC. 
Response fields were characterized only when the signal-to-noise 
ratio between recorded LPTC spikes and background noise was 
greater than 2:1, in which case a simple threshold-based method 
was sufficient to reliably detect time-stamped spikes of the record-
ed cell (fig. S1).

We used a custom-built automated goniometric recording plat-
form to present a moving visual stimulus at any specified azimuth 
(γ) and elevation (β) in the fly’s retinal coordinates. A liquid crystal 
display monitor (AOC AGON AG251FZ) was placed 0.3 m in front 
of the animal, running at a refresh rate of 240 Hz. We presented 
square-wave visual gratings (minimum and maximum intensity: 
0.28 and 265.70 cd m−2; Michelson contrast: 0.9979) moving per-
pendicular to their orientation typically at 1- or 3-Hz temporal fre-
quency behind a circular aperture subtending 24°. Experiments 
where different temporal frequencies between 0.3 and 3 Hz were ap-
plied did not affect the self-motion preferences of the cells. To assess 
a cell’s LPD and LMS, the grating was moved in eight different direc-
tions at a spacing of 45°. Each motion stimulus was presented for 
1 s, followed by a brief period of 0.5 s during which a homogeneous 
screen was presented at the mean luminance level. In total, the mo-
tion stimulus was presented at 84 positions over both eyes, covering 
the nearly 4π visual field of the fly.
LPDs and LMSs
At any given stimulus position, we calculated the vector sum from 
the responses to the eight different stimulus directions. Magnitude 
and direction of the resulting vector were taken to indicate the LMS 
and LPD, respectively. Those response parameters were plotted as a 
function of azimuth (γ) and elevation (β) in a cylindrical projection 
of the fly’s spherical visual field to reveal the recorded cell’s global 
response field properties (Fig. 2, B to E). In each response field, all 
vectors were normalized to the maximum response measured. To 
facilitate recognition of the global response field organization, the 
measured data in Fig. 2 (B to E; black vectors) are complemented by 
interpolated data (colored vectors). The data collected using this 
method are in line with those previously gathered using a local stim-
ulus that changed its motion direction continuously (32,  53,  54). 
Although we presented the motion stimulus at 84 positions over 
both eyes, the response fields plotted for the heterolateral LPTCs 
in Fig. 2 (C to E) show only the data obtained upon visual stimula-
tion within the visual hemisphere that results in the highest motion 
sensitivity (i.e., strongest directional-selective response), which is 
typically the visual hemisphere ipsilateral to the dendritic input re-
gion of the recorded cell.
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Modeling of LPTC response properties
Preferred self-motion parameters
We estimated each cell’s preferred self-motion parameters using 
an iterative least-squares algorithm (KvD) proposed by Koenderink 
and van Doorn (56). The KvD algorithm is applied to retrieve the 
rotation, R, and the translation, T, of a self-motion inducing an op-
tic flow field that best fits the global response field organization of 
the studied cell. Hence, if we consider a given LPTC to act as a 
matched filter for optic flow (16), the KvD algorithm enables us to 
estimate which self-motion components of a moving fly would most 
strongly stimulate the cell. We applied a slightly modified version of 
the KvD algorithm in which we assumed a homogeneous distance 
distribution to obtain the preferred rotation axes of the V1, V2, and 
Vx cells (Fig. 2G); the preferred rotation axes of the VS cells (Fig. 2F) 
were computed using a similar method by Krapp et al. (25). There 
were no meaningful sex differences in the preferred rotation axes of 
the three heterolateral LPTCs, and we therefore pooled the response 
field data across sexes.
Encoding of motion state by the LPTCs
The matched filter hypothesis proposed in (16) suggests that each 
LPTC’s output can be considered as a comparison between the cell’s 
response field and the optic flow fields generated during the animal’s 
self-motion, where each cell is tuned to sense a specific flow field 
and hence some specific combination of rotational and translational 
self-motion. Mathematically, this comparison can be modeled as an 
inner product on a discrete (16, 57, 58) or continuous (59–61) spa-
tial domain. Here, we define a spatial inner product between the 
instantaneous pattern of optic flow Q̇ and a given tangential cell’s 
response field Fi as

where m is the number of LPTC response fields under consider-
ation. The details of the optic flow pattern Q̇ can be found in the 
Supplementary Materials.

Formulation of the output matrix
For a given set of unilateral response fields {Fi}, the collection of 
LPTC outputs forms a nonlinear output equation y = h(x) . To char-
acterize the rigid body state information encoded by the selected set 
of measured response fields, each output is linearized about the ref-
erence flight equilibrium x . The resulting matrix entries in the uni-
lateral output equation y = C�x (Eq. 2) are given by

In this form, each row of the associated C′ matrix represents the 
state information present in the signal from a specific LPTC re-
sponse field, that is, the direction it encodes in state space. To de-
velop the output matrix for the measured set of 19 left and right 
LPTC cell response fields, the raw data were first converted into sta-
bility frame coordinates according to the axis definitions of fig. S2A. 
(γ, β) = (0◦, 90◦) in the plotted response fields (Figs.  2, B to E, 
and 4A) corresponds to the ray line along the x̂b axis in fig. S2B. The 
recorded LPD and LMS distributions in the response fields were 
smoothed with a two-dimensional Gaussian filter and then approxi-
mated with up to 8° spherical harmonics in the azimuth and eleva-
tion directions to facilitate an accurate numerical spatial integration. 

For our baseline calculation, an enclosed rectangular prism envi-
ronment (fig. S4A) was assumed with scaling parameters (gN, gS, aE, 
aW, hD, and hU) all set to a distance of 1 m, and as before, the 
reference flight condition was set to the mean forward flight 
speed of us = 0.8509 m s−1 that we measured (see below), such that 
x =

[
us ws qs θs vs ps ϕs rs

]T
= [0.08509 00 0 0 0 0 0]T in the sta-

bility axes. The corresponding patterns of partial derivatives of the 
optic flow �Q̇∕�xi were computed by systematically perturbing each 
of the rigid body states and taking finite differences.

The results were used to compute the inner products numerical-
ly, resulting in the estimated response field state encoding shown in 
table S7. To perform the subsequent analysis, we extract the entries 
according to the rigid body state vector from the flight dynamics 
model formulation, x=

[
δu

s
δw

s
δq

s
δθ

s
δv

s
δp

s
δϕ

s
δr

s

]T . The 
states {δx

s
,δy

s
,δz

s
,δψ

s
} typically are not included in the linearized 

dynamics because a homogeneous atmosphere assumption is 
used. In the resulting matrix Cij

′ , consecutive odd and even indi-
ces {i = 1, … , 38} correspond to the left and right cells of an LPTC 
pair. Last, because the flight dynamics model (Eq.  1) splits into 
symmetric and asymmetric parts, we form the 38 normalized 
rows ĉi of the bilateral output matrix C (Eq. 2) by summing or 
subtracting the responses of the k = 1, … , 19 mirror-symmetric 
pairs of LPTCs such that ĉ+

k
=
(
c
�
2k
+c

�
2k−1

)
∕ ∥c�

2k
+ c

�
2k−1

∥ and ĉ−
k
= (

c
�
2k
−c

�
2k−1

)
∕∥c�

2k
− c

�
2k−1

∥ , as shown in Fig. 4A.
Reprojected optic flow fields
Any given direction of self-motion will produce a specific optic flow 
field in a given visual environment. We reprojected the optic flow 
fields Q̇ĉi

(γ, β) and Q̇t̂i
(γ, β) corresponding to the specific self-motion 

directions x = ĉi or x = t̂i in state space (Fig. 5, C to E) by substitut-
ing the expressions of the vectors ω =

[
p q r

]T , v = [u v w]T , and 
r =

[
cos γ sin β sin γ sin β cos β

]T in the stability frame  , along 
with an analytical expression for the nearness of the environment 
μ(γ, β, q) into the representation for Q̇ above. The resulting azimuth 
γ and elevation β components (fig. S2) of Q̇ are given by

as plotted in Fig. 5 (C to E).

Measurement and modeling of free-flight kinematics
Animals and experimental protocol
Larval C. vicina were reared on red meat at 20°C until pupation; the 
adult flies were fed on a combination of milk powder formula and 
mashed banana and were flown from 2 to 3 days posteclosion. Indi-
viduals were allowed to fly freely within a 1-m-diameter opaque 
acrylic sphere with diffuse overhead lighting. The interior of the 
sphere was decorated with pieces of card to provide visual contrast, 
and an ultraviolet light was placed at the top to stimulate loitering 
flight maneuvers. High-speed video sequences were captured using four 
synchronized Photron SA3 cameras (Photron Ltd., West Wycombe, 
UK) with 180-mm macro lenses (Sigma Imaging Ltd., Welwyn Garden 
City, UK), viewing the insect through clear portholes in the upper 
hemisphere and recording at 3800 fps and 768 by 640 pixels. Back-
lighting was provided by four infrared light-emitting diode (LED) 
lights (Dragon1IR PowerStars LED, Intelligent LED Solutions, 
Thatcham, UK) operating at wavelengths well beyond the visible 

y
i
=
⟨
Q̇, F

i

⟩
= ∫

S2
Q̇ ⋅F

i
dΩ, i=1, … ,m (8)

C
�
ij
=

�hi

�xj

|||||x
=

�
⟨
Q̇, Fi

⟩

�xj

|||||x
=

⟨
�Q̇

�xj
, Fi

⟩||||||x
(9)

Q̇γ =p cos β cos γ+q cos β sin γ− r sin β+μ(u sin γ−v cos γ)

Q̇β =p sin γ−q cos γ+μ(−u cos β cos γ−v cos β sin γ+w sin β)
(10)
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spectrum of the insect (62) (centroid wavelength: 850 nm; spec-
tral bandwidth at 50% intensity: 30-nm full width at half maxi-
mum). Recordings were triggered because the insect passed through 
the center of the sphere, capturing forward flight punctuated by fast 
saccadic maneuvers. In total, we recorded N =  2708 wingbeats 
from 205 maneuvering flights made by 28 individual blowflies, 
involving a broad range of wing kinematics including symmetric and 
asymmetric variation in stroke amplitude, stroke plane angle, and 
wing twist.

Kinematic reconstruction
The cameras were calibrated using a nonlinear least-squares bun-
dle adjustment routine (63) in MATLAB (MathWorks Inc., Natick, 
MA), using images of a calibration grid presented in a wide range of 
positions and orientations. For the main analysis, we used back-
ground subtraction and automatic thresholding to segment the pix-
els and used a shape-carving method to identify the set of voxels 
containing the wings and body (39). We reprojected the wing voxels 
as a mask for tracing the outline of the wing in each frame and used 
the shape-carving algorithm on this linear feature to reconstruct 
the leading and trailing edges in three dimensions. We used the ma-
jor axis of the body voxels to define the insect’s x axis and the line 
connecting the wing roots to define the insect’s transverse y axis. 
We constructed a right-handed body axis system in which to mea-
sure the kinematics of the right wing and a left-handed body axis 
system in which to measure the kinematics of the left wing. These 
were measured by defining an extrinsic y-x-z rotation sequence 
bringing the x axis of a set of rotating axes initially aligned with the 
body axes into alignment with the wing chord connecting the trail-
ing edge to the leading edge at some given spanwise position (r). 
The local pitch angle of the wing (ω) is defined as the first angle in this 
rotation sequence and was measured at six evenly spaced spanwise 
stations on the interval r ∈ [0.3, 0.8] , where r is expressed as a pro-
portion of wing length. We summarized the instantaneous spanwise 
variation in ω by fitting the regression model ω[r] = ω0 + ωrr + ϵ[r] , 
where ϵ[r] is a Gaussian error term. We call ω0 the twist offset and 
ωr the twist gradient. The deviation angle θw and stroke angle ϕw 
represent the second and third angles in the extrinsic y-x-z rotation 
sequence and describe the elevation and azimuth of the wingtip in 
a set of body axes originating at the wing root. It follows that the 
insect’s wing kinematics are measured by estimating ϕw[t] , θw[t] , 
ω0[t] , and ωr[t] for the right and left wings separately at every sam-
ple time t.

Fourier series representations of wing kinematics
For each flight sequence, we fitted quintic smoothing splines model-
ing ϕw[t] , θw[t] , ω0[t] , and ωr[t] for each wing as analytical functions 
of continuous time t. The spline tolerance that we used for each ki-
nematic variable was chosen to preserve information up to the third 
harmonic of wingbeat frequency for ϕw and θw and up to the fifth 
harmonic for ω0 and ωr. We then used a piecewise linear transform 
to map continuous time t onto wingbeat phase φ(t) by taking the 
turning point of the summed angular velocity of both wingtips in 
the stroke plane to define φ = 0 as the start of the downstroke. Last, 
we evaluated the splines at 101 evenly spaced phases of each wing-
beat on the interval φ ∈ [0, 2π] so that all wingbeats were directly 
comparable despite variability in the wingbeat period. Fitting each 
wingbeat separately, we used multiple regression with time-linear and 
time-periodic predictor variables to model the four primary kinematic 

variables ϕw

[
φ
]
 , θw

[
φ
]
 , ω0

[
φ
]
 , and ωr

[
φ
]
 as detrended Fourier series 

of the form

where ϵ
[
φ
]
 is a Gaussian error term and KL and K0 … K2P are fitted 

coefficients. The time-linear coefficient KL accounts for the fact that 
any actual wingbeat cycle is unlikely to begin and end in exactly the 
same kinematic state and multiplies (φ−π) rather than φ so that this 
term has zero mean over the wingbeat cycle. The Fourier coefficients 
K0 … K2P are fitted with P = 3 for ϕw and θw, and with P = 5 for ω0 
and ωr, to capture all of the harmonic content preserved by the quin-
tic smoothing splines.

Functional PC analysis
Collecting the Fourier coefficients for a single wingbeat together as 
Kϕw =

[
K

ϕw

0
…K

ϕw

2P

]
 for the stroke angle ϕw , and similarly for the other 

primary kinematic variables, we may summarize the time-periodic 
variation for all N wingbeat pairs in the matrix

We used functional PC analysis to decompose this matrix into a 
new set of time-periodic basis functions characterizing the key ki-
nematic couplings available for flight control. This was implemented 
by subtracting the column means from the matrix of Fourier coef-
ficients ZP to yield the centered matrix Z = ZP − ZP and computing 
its singular value decomposition

where � is a diagonal matrix containing the singular values of Z, 
which are the positive square roots of the eigenvalues of ZTZ 
arranged in descending order. The columns of V contain the right-
singular vectors of Z, which are the eigenvectors of ZTZ, normalized 
such that VTV = I . Because ZTZ is a scalar multiple of the covari-
ance matrix of Z, the orthonormal basis V that its eigenvectors 
define is aligned with the principal directions of the kinematic vari-
ation between wingbeats. Because each row of the PC matrix V 
corresponds to one of the Fourier coefficients, each of its columns 
defines a distinct time-periodic kinematic coupling, which we refer 
to as PC1, PC2, etc. (fig. S7).

Aerodynamic modeling of stability and control derivatives
Computational fluid dynamics modeling
We performed three-dimensional RANS simulations of the aerody-
namics of the right wing of Calliphora using the OVERTURNS solv-
er (64–66). We simulated a reference condition of level symmetric 
forward flight with a freestream velocity of U∞ = 0.8509 m s−1 and a 
wingbeat frequency of f = 166.188 Hz, corresponding to the mean 
values measured for these variables over the 2708 wingbeats whose 
kinematics we had recorded (see above). We used a mean body pitch 
angle θe = 30.365° and defined a set of reference wing kinematics by 
taking the mean of ZP over three consecutive wingbeats centered on 
the wingbeat most nearly achieving level flight among the subset of 

h
[
φ
]
=K

L(φ−π)+K0+

P∑
k=1

(
K2k−1cos(kφ)+K2ksin(kφ)

)
+ϵ

[
φ
]

(11)

ZP =

⎡
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1K
ϕw

1K
θw

1K
ωr

1K
ω0

⋮ ⋮ ⋮ ⋮
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ϕw
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θw

2NK
ωr

2NK
ω0

⎤
⎥⎥⎥⎦

(12)

Z = U�VT (13)
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wingbeats for which the body acceleration was near zero (<0.5 m s−2). 
We assumed a pure laminar boundary layer based on the measured 
mean chord length of 2.7 mm and chord Reynolds number of 
1746. We used 720 time steps per wingbeat cycle with 12 subitera-
tions, which allowed us to capture the unsteady flow characteristics 
with reasonable computational time. Tables S2 and S3 summarize 
the simulation parameters and input setup. The dimensions of the 
structured wing mesh were 195 (chordwise), 201 (spanwise), and 
76 (wall-normal), and the initial wall normal spacing was 1 × 10−5 
mean chord. Combined with the background mesh, this gave a total 
of 1.12 × 107 node points.
Computational experiments
We perturbed the reference kinematics to simulate the aerodynamic 
effect of control inputs and small perturbations to the motion state 
of the body. We used the three components of translational velocity 
{u, v, w} and angular velocity {p, q, r} referred to the body axes  
as the perturbed states and used the wingbeat frequency f together 
with PC1 to PC4 of the time-periodic wingbeat kinematics as con-
trol perturbations. Among the six perturbed state variables {u, v, w, 
p, q, r}, the perturbation level was set at ±10 and ±20% of freestream 
velocity U∞ for the three flight velocities {u, v, w} and at ±2.5 
and ±5% of wingbeat frequency f for the three angular rates {p, q, r}. 
Among the five control variables, we perturbed PC1 to PC4 by ±0.5 
and  ±1.0 SDs and perturbed the wingbeat frequency f by ±1.5 
and ±3%, corresponding to ±2.5 and ±5.0 Hz, respectively. We 
computed the three components of aerodynamic force {X, Y, Z} and 
moment {L, M, N} referred to the body axes  (fig. S3A). The time-
averaged forces and moments had already converged reasonably by 
the start of the third wingbeat cycle, so we obtained their wingbeat-
averaged values by taking the mean of the forces and moments over 
the third and fourth wingbeat cycles of each simulation.
Aerodynamic derivatives
To estimate the stability and control derivatives for our linearized 
flight dynamics model, we first subtracted the total aerodynamic forc-
es and moments in each perturbed condition from those obtained in 
the reference flight condition and then fitted a zero-intercept linear 
regression through the origin to estimate the corresponding partial 
derivative of the aerodynamic forces and moments (Fig. 3B and 
fig. S3, D to F). The resulting aerodynamic derivatives are defined 
for the right wing using forces and moments resolved at the right 
wing hinge and were mirrored to model the aerodynamic forces and 
moments on the left wing under the equivalent kinematics. The re-
sults for the left and right wings were then combined to estimate the 
stability derivatives (table S4) and control derivatives (table S5) re-
solved at the center of mass, in a model enforcing equilibrium under 
the reference wing kinematics (see the Supplementary Materials for 
details). We used the unilateral control inputs to form sets of sym-
metric control inputs {u0, u1, u2, u3, u4} and asymmetric control 
inputs {u�1, u�2, u�3, u�4} through symmetric changes in wingbeat fre-
quency f and symmetric or asymmetric application of perturbations 
in PC1 to PC4.

Microtomographic estimation of inertia tensor
Animals and tomographic method
Two male and one female C. vicina from the Imperial College London 
colony were sealed in 0.5-ml Eppendorf tubes, having been fed and 
watered to satiation and then weighed. The tubes were placed indi-
vidually in the TOMCAT beamline of the Swiss Light Source syn-
chrotron facility and were irradiated at a 12-keV beam energy until 

the flies were dead and no further motion artifacts occurred. A 
100-μm-thick, Ce-doped LuAG scintillator was placed at a distance 
of 272 mm behind the sample to convert the transmitted x-rays into 
visible light. The resulting image was magnified twofold using an 
Edge 5.5 Microscope, and 1501 projection images were collected at 
60 ms of exposure time, whereas the sample was rotated through 
180°. To image the entirety of each fly, it was necessary to image 
three overlapping volumes in this way. Phase retrieval was per-
formed using the Paganin algorithm (67), setting the real and imag-
inary parts of the deviation from one of the complex refractive index 
of the material to 1 × 10−7 and 1 × 10−9, respectively. Tomographic 
reconstruction was performed using a Fourier transform–based al-
gorithm, resulting in voxels with an isotropic spacing of 3.25 μm.
Estimation of inertia tensor
We segmented the tomograms automatically, using thresholding 
and morphological operations to mask voxels corresponding to the 
cross section of the Eppendorf tube and any exterior voxels. The to-
mograms were then combined into one continuous stack across the 
three samples for each specimen, using unique cross-sectional fea-
tures such as hairs to align the image stacks manually along their 
common longitudinal axis. The complete image stack was loaded 
into Fiji (68), and the BoneJ plugin (69) was used to calculate the 
mass moments of inertia about the principal axes of the specimen, 
assuming a uniform density of 1.1 g cm−3 appropriate to insect cu-
ticle and muscle. The mass (m) estimates arrived at using this meth-
od (table S1) were identical to the weights taken at the start of the 
experiment to within the 0.01-g readability of the balance. Because 
the moments of inertia about the first and second principal axes 
were identical to within ±1% (table S1), we set Iy = Iz for the pur-
poses of the flight dynamics modeling and set I

x
 equal to the mo-

ment of inertia about the third principal axis. Assuming isometry, 
we nondimensionalized the moments of inertia by dividing through 
by m5/3 and then rescaled these using the value of m assumed in the 
flight dynamics model.

Supplementary Materials
The PDF file includes:
Supplementary Text
Figs. S1 to S7
Tables S1 to S11
References (71–86)

Other Supplementary Material for this manuscript includes the following:
Data file S1
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